that personality factors have significant correlations with media content, such as music (Rentfrow and Gosling 2003; Chamorro-Premuzic and Furnham 2007) , which made it a good candidate for personalization techniques. Early research in the usage of personality in personalization has been done in addressing the new user problem in recommender systems (Tkalčič et al. 2009; Hu and Pu 2010) .
However, until a few years ago, the acquisition of personality was possible only through extensive questionnaires, such as the big five inventory (John and Srivastava 1999) . It was the success of methods for the unobtrusive acquisition of personality, mostly form social media (Golbeck et al. 2011; Quercia et al. 2011) , that allowed for a quicker and more large-scale acquisition of personality.
Since then, methods for the acquisition of personality and its usage in interactive systems have reached a level of maturity that is manifested through (i) an increasing number of papers published at major venues (such as Kosinski et al. 2013) (Kosinski et al. 2015) , (iv) live personality detection tools, such as the IBM Personality Insights 1 (Badenes et al. 2014) and (v) a manifesto on personality computing as a research domain (Vinciarelli and Mohammadi 2014) .
This special issue presents a snapshot of the state-of-the-art in the unobtrusive acquisition of personality and its usage across a diverse range of personalization applications.
Papers in the special issue
This special issue contains articles that describe the state of the art in (i) automatic and unobtrusive personality acquisition from social media (Farnadi et al. 2016 ) and mobile phone data (Lepri et al. 2016) (ii) personality-based user models in behavioral change applications (Lepri et al. 2016) , intelligent tutoring systems (Harley et al. 2016) and games (Cowley and Charles 2016) , and (iii) usage of personality in recommender systems (Fernández-Tobías et al. 2016) .
The paper Computational Personality Recognition in Social Media by Farnadi et al. (2016) deals with the automatic inference of personality traits from users' social media traces. As such, it lies at the base of the chain of personality usage in personalized systems. The authors perform a comparative analysis of computational recognition methods based on textual social media traces from Facebook, Twitter and YouTube (such as status updates, tweets and transcripts of video blogs). The authors identified decision trees and the Linguistic Inquiry and Word Count (LIWC) as the best combination of regressor and feature set. However, they point out that the outcomes may depend on the underlying data.
The paper The Role of Personality in Shaping Social Networks and Mediating Behavioral Change by Lepri et al. (2016) addresses two related issues: (i) personal-ity inference from mobile phone data and (ii) the role of personality as a mediator between social strategies and behavioral changes (increasing physical activity). Based on a set of 8-weeks data of 53 subjects the authors developed a methodology for personality inference from ego-network (network consisting of a central node and its direct connections) features. Furthermore, the authors showed that Neuroticism and Extraversion have a mediating effect on behavioral changes. In fact, people who scored high on Extraversion and those who scoreed high on Neuroticism showed an increased behavioral change when subjected to social comparison and peer pressure.
The paper Examining the predictive relationship between personality and emotion traits and students' agent-directed emotions: towards emotionally-adaptive agentbased learning environments by Harley et al. (2016) investigates how personality traits and trait emotions (i.e. trait anger and trait anxiety) are related to agent-directed emotions and learning in an agent-based learning environment. Based on a user study of 123 students, the authors conclude that Agreeableness, Conscientiousness, Neuroticism as well as trait Anger and trait Anxiety were significant predictors of four agent-directed emotions (Enjoyment, Pride, Boredom and Neutral), though relationships differed between pedagogical agents.
The paper Alleviating the New User Problem in Collaborative Filtering by Exploiting Personality Information by Fernández-Tobías et al. (2016) is concerned with the usage of personality in recommender systems, more specifically, to address the new user problem. This is a known issue in recommender systems. When a new user joins the system, there are not enough ratings to make good recommendations. The authors tackle this problem by using personality in three ways: (i) by including it in the matrix factorization approach, (ii) by incorporating it into the active learning approach and (iii) by using it in the cross-domain approach. Based on extensive offline experiments the authors conclude that when a complementary domain is available the cross-domain approach yields better recommendations. When only one domain is available, active learning should be used. Cowley and Charles (2016) deals with personality in computer games players modeling. The authors introduce the term behavlets for describing a set of features that describe the behavior of game players based on the temperament theory of personality. These features, along with game design patterns, provide the basis for the modeling of users and their playing patterns. The authors show the usage of behavlets on a set of 100 players in the well-known Pac-Man game.
The paper Behavlets: A Method for Practical Player Modelling Using Psychologybased Player Traits and Domain Specific Features by

Outlook
In order to bring the usage of personality to real-world applications, two requirements have to be met: (i) accurate unobtrusive acquisition and (ii) robust user models.
The papers in this special issue (Farnadi et al. 2016; Lepri et al. 2016) , as well as in related literature (Kosinski et al. 2013) , show that digital traces of user behavior are a good source for automatic personality detection. There is still room for improvement as there are other modalities that have not shown their full potential yet, such as image-based personality recognition (see (Segalin et al. 2016; Celli et al. 2014) as early work on the subject), voice-based personality recognition (Mohammadi and Vinciarelli 2015) and fusing various modalities (Skowron et al. 2016) .
As the amount of available data grows, so do user models and adaptation techniques. The papers in this special issue (Fernández-Tobías et al. 2016; Cowley and Charles 2016; Harley et al. 2016; Lepri et al. 2016 ) illustrate some of the approaches that can be taken to design personality-based user models and adaptive systems.
